Circulation Journal Vol.72, November 2008 fication in the present study. In this context, the above 2 half spaces equal to the 2 situations: the presence and absence of cardiac events, and the training dataset consists of data of each patient whose predictive variables and the prognostic outcome are already known. The hyperplane is determined by a cluster of data located near the border of the 2 spaces, which are called support vectors. The SVM analysis selects the appropriate hyperplane to maximize the margin between the hyperplane and support vectors. Among supervised learning methods, SVM is thought to be one of the most accurate techniques. However, as far as we investigated, there seems to be only 1 report using SVM for the risk assessment of patients with cardiac diseases, 26 and no data is available using SVM for stratifying perioperative cardiac risk.
In the current study, we generated linear and SVM classifiers, and evaluated their accuracies in predicting perioperative cardiac events in all types of non-cardiac surgery including high, intermediate and low-risk procedures. Furthermore, we estimated an incremental prognostic value of SPECT indices in each model.
Methods

Study Design
This retrospective cohort study used data collected from patients referred for preoperative stress myocardial perfusion SPECT before non-cardiac surgery. Written informed consent was obtained from all patients concerning the examination protocol, possible side-effects and the use of the data for research purposes. The form to obtain consent was approved by the institutional review committee. This study was also conducted according to the governmental and institutional regulations for protection of data privacy and confidentiality.
Patient Population
Our database for preoperative risk stratification with myocardial perfusion SPECT was used to identify 1,517 consecutive patients who underwent preoperative dipyridamole stress SPECT with electrocardiography (ECG)-gating between October 1999 to December 2006. Operation was cancelled or deferred after SPECT imaging in 166 patients, and 1,351 patients underwent surgery and were analyzed. Of the former 166, 74 underwent coronary revascularization and surgery was cancelled in 92. All of the 166 patients were excluded from data analyses.
As indicated in Table 1 , all the surgical procedures were classified according to the guidelines of ACC/AHA. 1,2 Table 1 also includes the cardiac event rates in each subgroup classified by surgical risk. Cardiac events developed in 76 (5.6%) of the 1,351 patients, and hard events occurred in 14 (1.0%). Hard events include 9 cardiac deaths and 5 non-fatal myocardial infarction. Two of the 5 patients with myocardial infarction also manifested subsequent heart failure. Besides the above 14 patients, 19 and 43 had unstable angina and heart failure, respectively. Demographic data of the patients including clinical risk factors and scintigraphic findings are listed in Table 2 .
Myocardial Perfusion Imaging
Technetium-99m tetrofosmin or Sestamibi was the imaging agent for myocardial perfusion imaging. A rest/stress 1-day protocol was applied using doses of 300/850 MBq of tracer, and SPECT acquisition was started 30 min after injection. In the stress study, patients were continuously injected with 0.56 mg/kg of dipyridamole for 4 min, and then the perfusion tracer was administered 3 min after the completion of dipyridamole infusion. Myocardial perfusion and cardiac function were simultaneously assessed by ECGgating. A 3-headed rotating gamma camera Toshiba GCA-9300A/DI (Toshiba Corporation, Tokyo, Japan) was used for data acquisition and a medical image processor GMS-5500U/DI (Toshiba Corporation) was used for image processing. The gamma camera rotated for 15min per acquisition. SPECT images were reconstructed into a 128×128 matrix with a ramp filter after processing 90 projections over 360-degrees using a Butterworth filter (order 8, cutoff 0.16 cycles/pixel). Gated-SPECT acquisition was implemented by dividing the cardiac cycle into 10 periods. Image data was resized to a 64×64 matrix before gated data analysis.
Rest and stress SPECT images were semi-quantitatively assessed using 4-point scoring scale (0: normal, 1: mild hypoperfusion; 2: moderate and severe hypoperfusion, and 3: perfusion defect, visual assessment) in the following 17 myocardial segments: 6 segments in a basal short-axis image, 6 segments in a mid short-axis image, 4 segments in a apical short-axis slice and 1 apical segment in a long-axis image. 19, 27 The summed rest score (SRS) and summed stress scores (SSS) were defined as the total of the scores in the 17 segments from rest and stress images, respectively. The summed difference score (SDS) was calculated by subtracting the SRS from the SSS.
Quantitative gated-SPECT (QGS) program was used for gated-SPECT analysis. 28 Calculation of the left ventricular ejection fraction (LVEF) value was performed by means of automatic determination of endocardial and epicardial surfaces for all gating intervals in the cardiac cycle. We used stress LVEF because post-stress data includes the influence of ischemic stunning, 29 which might provide an additional prognostic value. In addition, regional wall motion was visually assessed through the cine-mode display of the QGS program by dividing the myocardium into 7 segments according to the AHA criteria: anterobasal, anterolateral, apical, inferior, posterobasal, septal and posterolateral. We recorded the number of hypokinetic segments. The presence of QGS abnormality was defined as the presence of 1 or more hypokinetic segments. We considered not only regional wall motion but also wall thickening in assessing wall motion in the septum. 30 
Medical Record Review
We assessed the occurrence of cardiac events by reviewing the medical record. Perioperative cardiac events were defined as those that occurred during, and within 1 month after surgery. 7 Cardiac events included cardiac death, nonfatal myocardial infarction, unstable angina and congestive heart failure defined as follows. 8, 10 Cardiac death was defined as death as a result of myocardial infarction, heart failure or arrhythmias. The diagnostic criteria for myocardial infarction was based on changes of ECG and the serum creatine kinase value: new ECG Q-wave >1 mm or creatine kinase myocardial-bound >5% or both. Unstable angina was defined as electrocardiographic ST changes (ST-segment depression or elevation of >1 mm on 12-lead ECG) with cardiac symptoms. Congestive heart failure was defined as radiographic evidence of pulmonary edema and cardiac enlargement requiring inotropic support. Non-fatal arrhythmias were excluded from cardiac events. Hard events comprised cardiac death and non-fatal myocardial infarction.
Variable Selection
A total of 20 variables were used in the model creation and analysis (Table 3) . These 20 consisted of 1 parameter reflecting surgical risk, 13 clinical risk factors and 6 scintigraphic indices (3 perfusion and 3 functional variables). Before input into the model, each parameter was normalized to have the mean value 0 and the standard deviation 1.
Model Development
We generated binary classifiers for predicting perioperative cardiac events using a SVM or a linear model with the above 20 input variables, and evaluated their predictive accuracies. 23, 24 We used SVM light (free software) for the SVM model, and SPSS v14 (SPSS, Chicago, IL, USA) and MATLAB v13 (MathWorks, Natick, MA, USA) for the linear model. As for the output of the classifiers, we assigned 1 and -1 to the presence and absence of cardiac events, respectively. In the SVM, we used a Gaussian kernel to improve the predictive accuracy and reduce the computational burden in non-linear classification. 25 A Gaussian kernel SVM requires the following 3 parameters to determine the hyperplane: C (soft margin), (standard deviation of Gaussian kernel function) and r (error risk factor). We generated a series of SVM models to select the model providing the best predictive performance. In the model creation, we changed the 3 parameters within the following ranges: 0.001≤ C ≤20, 0.001≤ ≤10, 1≤ r ≤20, and identified the most significant predictive variable(s) among the 20 through an incremental stepwise method with a hypothesis test of Wilks' lambda to search appropriate input parameters. 31 The linear classifier also generates a hyperplane that separates the dataset into 2 different half spaces. The hyperplane is determined by a linear combination of predictive variables. The linear model used the same training data and input selection method as well as the SVM one. In each input-selection step, a statistical F-test is carried out and the predictive variable with the highest partial correlation coefficient under p<0.05 is selected while a statistically negligible (p>0.10) variable is rejected. This process was repeated until no further input satisfied the above-mentioned criteria. As indicated in Table 3 , we generated discrimination models with the above 20 input variables (input candidate-1, IC-1) and 14 inputs not including 6 SPECT variables (input candidate-2, IC-2), and compared their predictive accuracies to assess an incremental prognostic value of SPECT results.
Evaluation and Statistics
Fisher's exact test was used in univariate analysis to compare the frequency of cardiac events between patients with positive and negative test results or risk factors. A p-value of <0.05 was considered statistically significant in the analysis.
We obtained sensitivity, specificity and the area under the receiver-operating characteristic curve (AUC) to evaluate the predictive performance of the classifiers using leaveone-out cross validation (LOOCV). 32 First, LOOCV removes a single data as the validation data from the original dataset and uses the remaining data as the training dataset. The single data is input into the classifier generated by using the remaining data to judge whether the classification is correct. This judgment is repeated such that each data in the original dataset is used once as the validation data. Table 2 shows the characteristics of the patients and the results of univariate analysis for seeking variables predicting perioperative cardiac events. The history of myocardial infarction, heart failure or revascularization, Q-wave or ST change in ECG, and SPECT findings including the SRS, SSS and SDS, and QGS abnormality presented significant risk stratification. Table 4 shows selected input variables and the accuracy in predicting all cardiac events. Among the 20 variables, all classifiers selected operation risk and the history of heart failure as input. Three of the 4 selected clinical risk and the ST change in ECG. Aging was selected only by linear IC-1. Regarding the scintigraphic variables, only QGS abnormality was selected by the 2 classifiers with IC-1. The SVM models yielded favorable predictive performance in terms of the AUC value compared with the linear models regardless of the use of SPECT results. The incremental prognostic value of SPECT was considerable in the linear model, meanwhile it was marginal in the SVM (comparing IC-1 and IC-2 in each model in Table 4 ).
Results
Clinical Risk Factors Predictive of Cardiac Events
Predicting All Cardiac Events
Predicting Hard Events
The results in predicting hard events are shown in Table 5 . Operation risk was also introduced by all classifiers. The Q-wave in ECG and the history of revascularization were the most frequently chosen clinical risk factors followed by the history of heart failure. Among the scintigraphic variables, QGS abnormality and the SRS were selected. The SVM models also provided better results in predicting hard events than the linear models, but the difference was not so marked compared with predicting all cardiac events. The predictive performance of the linear model was moderately improved by adding SPECT indices, in contrast, the improvement was modest in the SVM model.
Discussion
Myocardial perfusion imaging has gained a widespread acceptance in the assessment of cardiac risk. [33] [34] [35] In the current study, we generated discrimination models using SVM, and evaluated their accuracies and an incremental value of myocardial perfusion imaging in predicting perioperative cardiac events in high, intermediate and low-risk non-cardiac surgery. The SVM offered improved predictive accuracy of perioperative cardiac events compared with the conventional linear model, and the prognostic utility of gated SPECT was also confirmed.
In the field of medicine, the SVM has mainly been used for classifying tumor cells into benign or malignant, and predicting the subcellular localization of proteins using the amino acid sequence. There seems to be only 1 report using the SVM for cardiac risk stratification, 26 in which the SVM classifiers offered more favorable results compared with others. The SVM affords a complex hyperplane by using support vectors and maximization of the margin, even when a linear separation is difficult or impossible. It can incorporate a complex dataset in which some pieces of data have the same or similar inputs and different outputs. In the current study, because cardiac events occur only in a limited part of the patients, the training dataset includes a certain number of patients with the same or similar preoperative predictive variables and different prognostic outcome. This situation degrades the predictive accuracy of the classifiers in perioperative cardiac risk stratification. To overcome this problem, we used a SVM-based classifier that enables us to define a complex hyperplane to separate patients into different prognostic groups instead of a conventional linear model. In the current study, the SVM model offered favorable results compared with the linear model in terms of the AUC value, suggesting the feasibility of this technique. This model might be applicable not only to the binary classification but also to providing the likelihood of cardiac events by measuring the distance between the hyperplane and the point in the N-dimensional space determined by the input dataset of each patient.
The frequency of hard events was very low (1.0%) compared with that of all events (5.6%). However, as indicated in Tables 4 and 5 , the numbers of support vectors determining the hyperplane were 304 and 298 (about 22% of the total of the training dataset) in models predicting all and hard cardiac events, respectively, indicating that the both SVM classifiers yielded comparably robust hyperplanes. Concerning the number of input variables and the event frequency, it is ideal to obtain high predictive accuracy by using a small number of input variables in predicting events of very low frequency. However, the accuracy decreased when using input variables less than 5 in the present study (data not shown). Because we selected the 5 variables using the hypothesis test of Wilks' Lambda as mentioned in the materials and method section, the 5 are statistically significant for prediction. In addition, selected variables dispersed over the categories of operation risk, clinical risk factors and SPECT results, suggesting the interrelationships among variables are not so close. Moreover, it is thought that the LOOCV method used for the evaluation is a powerful technique to apply to a cohort that has a low frequency of events. 36 As the predictive accuracies obtained with 5 variables were good both in the SVM and linear models, we think that the classifiers have acceptable reliability even in predicting events of low frequency.
The predictive performance of the conventional linear models was improved by adding SPECT indices, indicating its incremental prognostic value. Although the improvement was modest in the SVM models, the number of support vectors decreased after adding SPECT results, suggesting that the classification became stable. The clinical significance of ECG-gated acquisition was verified by the fact that QGS abnormality was selected in all IC-1 models as input. We calculated the AUC values when using input variables with and without the SRS in IC-1 to compare the prognostic value of the SRS and QGS abnormality. Although there was a certain difference in the AUC value between IC-1 and IC-2 in the linear model (0.864 and 0.768), the incremental prognostic value of the SRS was not marked in IC-1 (the AUC was 0.838 when not using the SRS). This result suggests that the prognostic significance of the SRS was limited compared with the QGS abnormality in the current study. This situation is the same in the SVM model because there was a little difference of the AUC value between IC-1 and IC-2 in the SVM. In addition, the SSS and SDS were not selected as input variables by the classifiers. A certain amount of patients with high values of the SSS or SDS (related to stress-induced ischemia) were excluded from the analyses because of the cancellation of surgery or performance of preoperative coronary revascularization (These patients were included in the 166 patients whose surgery was cancelled or deferred). Therefore, it is thought that the SSS and SDS were not significant predictors in the current study. Further studies are required to assess the prognostic value of the above perfusion indices by increasing the number of patients who manifested moderate or severe ischemia in SPECT and underwent surgery without preoperative revascularization.
As mentioned above, the SVM is an excellent tool for data classification based on supervised learning, although it is not very popular in medical practice. We introduced the SVM to preoperative risk stratification with SPECT and showed its superiority to the conventional linear model. This technique is thought to be applicable not only to predicting perioperative cardiac events but also to cardiac risk assessment in general situations, and to the evaluation of an incremental prognostic value of a specific cardiac examination. The SVM is expected to be widely used for a medical research in the future.
Study Limitations
There are some limitations in the present study. First, surgeons and anesthesiologists were not blinded to the results of cardiac testing. This availability of results had an influence on decisions regarding perioperative management of patients, which could lower the cardiac event rate and underestimate the predictive accuracy of the models. Next, we analyzed the data obtained from patients who underwent preoperative SPECT. Most of them were referred for SPECT because of concern about perioperative cardiac risk. Thus, these patients do not epitomize the general population of non-cardiac surgery candidates in terms of the likelihood of cardiac events. In addition, event rates in patients undergoing low-risk surgery were very low even if they have some cardiac risk. It is inherently difficult to specify highrisk patients in this cohort regardless of classifiers used. Further study is required to assess the predictive performance of these models in cohorts without particular cardiac risk and/or undergoing low-risk surgery.
Conclusion
In summary, the superiority of SVM was elucidated in assessing the likelihood of perioperative cardiac events compared with the conventional linear model. We also found an incremental prognostic value of SPECT results over information about clinical and surgical risk.
